This paper deals with stochastic dynamic facility layout problem under demand uncertainty in terms of material flow between facilities. A robust approach suggests a robust layout in each period as the most frequent one falling within a prespecified percentage of the optimal solution for multiple scenarios. Mont Carlo simulation method is used to randomly generate different scenarios. A mathematical model is established to describe the dynamic facility layout problem with the consideration of transport device assignment. As a solution procedure for the proposed model, an improved adaptive genetic algorithm with population initialization strategy is developed to reduce the search space and improve the solving efficiency. Different sized instances are compared with Particle Swarm Optimization (PSO) algorithm to verify the effectiveness of the proposed genetic algorithm. The experiments calculating the cost deviation ratio under different fluctuation level show the good performance of the robust layout compared to the expected layout.
Introduction
Nowadays, the increasingly fierce market competition and the growing variable demands of customers have gradually made the production mode shift from high volume and repetitiveness to high mix and low volume. How to meet the variant production requirements is thought to be an important objective for new intelligent manufacturing system, which is an advanced manufacturing mode of next generation. Designing agile facilities makes much sense to satisfy these requirements [1] . Dynamic changes, such as fluctuations in product quantity, varieties in product mix, introduction of new products, and discontinuation of existing products, are frequently taking place in high-mix and lowvolume production environment. As a result of these changes, the previous layout becomes less efficient, which makes material handling cost increased. The uncertainty of demand has brought great challenges to design a suitable facility layout. Therefore, it is of great theoretical and practical significance to study the facility layout problem under dynamic environment [2] .
The research on facility layout problem (FLP) started in the 1950s. Koopmans and Beckmann [3] initially defined the facility layout problem as the assignment of facilities to discrete locations with the objective of minimizing the material handling cost. Static facility layout is obtained according to the deterministic material flow when the demand is constant. But when the demand changes frequently with time, static layout becomes no more suitable for various periods in the planning horizon. Dynamic facility layout problem (DFLP) divides the planning horizon into several discrete time periods, with different product demand. Designing flexible layout and designing robust layout are two approaches to deal with DFLP [4] . Flexible layout optimization is to design an optimal layout for each period in the multiperiod planning horizon so that the total material handling and rearrangement cost is minimized. The facility layout is changed according to the production demand in different periods. On the other hand, the robust approach is to design a fixed robust layout to minimize the total material handling cost over the entire time planning horizon [5] . Although the robust layout is not an optimal layout for a particular time period, its performance is good in each period. In a traditional DFLP, the demand in each period is determined by demand forecasting. But, in reality, the product demand in one period is difficult to forecast accurately. Therefore, it would be more valuable to 2 Discrete Dynamics in Nature and Society study DFLP, assuming the product demand is stochastic in each period. Considering uncertainty of the product demand in each period leads to stochastic dynamic facility layout problem (SDFLP) [6] .
Literature Review
The approaches for the DFLP can be classified into four categories: exact methods, heuristics, metaheuristics, and hybrid approaches [1, 4] . Rosenblatt [7] who is the pioneer in DFLP presented a dynamic programming (DP) formulation. Based on this formulation, both optimal and heuristic procedures are developed. Lacksonen and Enscore [8] extended five algorithms to solve the DFLP, which is modeled as a modified Quadratic Assignment Problem (QAP) formulation. And the cutting plane algorithm was illustrated to be the best for all the test problems. To avoid the computational complexity of the DP and QAP formulations, Urban [9] proposed a new heuristic algorithm based on the steepest-decent pairwiseinterchange procedure, which performs well in most of situations. Recently, more specifically metaheuristic and hybrid approaches, such as genetic algorithm (GA), tabu search (TS), and simulated annealing (SA), have been widely applied for DFLP. Kaku and Mazzola [10] defined a TS heuristic utilizing a dynamic tabu list for dynamic plant layout problem. Madhusudanan et al. [5] applied a robust layout to minimize the total material handling cost over all periods. They proposed a mathematical model for robust approach and designed a SA algorithm to solve the model. Tayal and Singh [11] presented mathematical formulation for multiobjective stochastic dynamic facility layout problem and solved it by SA and chaotic simulated annealing (CSA) metaheuristics. The experiment results observed that CSA performs better than SA. GA has been proven to be effective to generate suboptimal solutions for large-scale dynamic facility layout problems. Fazlelahi et al. [12] devised a customized permutationbased robust genetic algorithm in dynamic manufacturing environments, which is expected to be generating a unique robust layout for all the manufacturing periods.
Kulturel-Konak surveyed recent developments in designing robust and flexible facilities layout under uncertainty [1] . Webster and Tyberghein [13] measured the flexibility of a layout as the ability to react to disturbances caused by future change. They analyzed the annual material handling costs to measure the flexibility. Gupta [14] solved the FLP by Monte Carlo simulation to randomly generate the flow between all pairs of departments. Chan and Malmborg [15] also used Monte Carlo simulation to empirically search for robust solutions for dynamic line layout problem. Rosenblatt and Lee [16] solved the single period plant layout problem under stochastic demand by a robustness approach. They defined the robustness of a layout as the frequency it falls within a prespecified percentage of the optimal solution for various sets of scenarios. The robustness approach searches for a reliable layout for all scenarios but not the optimal layout for any given scenario. Besides the scenario-based robust optimization to deal with uncertainty, some other methods such as stochastic programming or fuzzy programming are widely used. Stochastic programming employs probabilistic models and describes the uncertainty by probability distributions. Moslemipour and Lee [6] considered the randomly changing product demands as independent normally distributed random variables with known probability density function. SA metaheuristic algorithm was utilized to solve the mathematical model. Fuzzy programming models uncertain parameters with fuzzy numbers and establishes constraints using fuzzy sets and membership functions. Considering the uncertainty of material flows, Cheng et al. [17] introduced fuzzy numbers to represent the material flows between department pairs. Then, GA was applied to solve this hard fuzzy combinatorial problem. Kaveh et al. [18] modeled the DFLP as fuzzy programming and solved the models by a hybrid intelligent algorithm including GA, simulated annealing, and fuzzy simulation.
Although previous studies have significantly improved FLP with uncertainty, most of articles assumed that the demand is in exact probability distribution or is defined by fuzzy numbers. In fact, the information about the uncertainty is sometimes lacking and its behavior is difficult to predict. Therefore, a scenario-based method is applied in this paper to describe the demand uncertainty. Designing flexible layout and designing robust layout are two approaches to cope with dynamic layout problem. In this article, these two approaches are combined. In each period, a robust layout inspired from Rosenblatt and Lee [16] for DFLP considering the assignment of transport devices under uncertain demands is present. The robust layout is the most frequent layout falling within a prespecified percentage of the optimal solution for different sets of scenarios generated by Mont Carlo simulation. To improve the search speed of finding the robust layout, an improved adaptive genetic algorithm with population initialization strategy is proposed to reduce the search space and improve the efficiency of solving the model.
The rest of this paper is organized as follows. In the next section, the dynamic facility layout problem that considers the assignment of transport devices is modelled. Then, a robust approach based on Monte Carlo simulation is proposed to deal with material flow uncertainty in Section 3. After that, an improved genetic algorithm is developed to solve the mathematical model. Some numerical results are compared and the advantages of the robust layout are illustrated in Section 5. Finally, the conclusions are given.
Dynamic Facility Layout Problem
DFLP considers material flow over multiple time periods. The material flow between facilities changes over time. But traditional dynamic layout optimization is studied under the condition that the demand in each period is constant; it cannot effectively solve the problem with demand fluctuation. Therefore, on the basis of proposing an improved adaptive genetic algorithm, Monte Carlo simulation method is used to describe the effect of demand fluctuation on the material flow. In our research, the assignment of transport devices (such as conveyor, AGV, and tow train) is an important decision because of different unit material handling cost for each transport device. Although we consider the fluctuation of material flow in each period, the problem becomes a The distance between location k and location h A kh The cost of rearrangement from location k to location h P khz The cost of transporting unit material from position k to position h using device z Q tij The random variable of the total material flow from facility i to facility j in period t
Variables:
x tik Binary variable:1, if facility i is placed at location k in period t; 0 otherwise y tzij Binary variable:1, if using device z to transport material between facility i and facility j during period t; 0 otherwise determined dynamic facility problem when one scenario is generated.
The mathematical model for DFLP is discussed as follows and Table 1 gives the notations used.
The objective (3) is to minimize the total material handling cost (see (1) ) and the rearrangement cost (see (2)). Constraints (4) ensure that each facility should be placed in exactly one location in each period. Constraints (5) indicate that a location can place at most one facility in each period. Constraints (6) ensure that only one transport device can be used between two facilities in each period.
Robust Approach Based on Mont Carlo Simulation
Considering demand uncertainty in terms of , Monte Carlo simulation method is used to generate N different scenarios. In each period, we find a robust layout, which is the most frequent layout falling within a prespecified percentage of the optimal solution for different sets of production scenarios. Robust layout constraints (7) and (8) are defined to ensure that the gap of cost between robust layout and optimal layout in each scenario falls within a prespecified percentage.
In these constraints, n is the index for scenarios where n=1,..,N. RCC is the robust control coefficient of the nth scenario.
is optimal cost of the nth scenario, while TC denotes the total cost of the robust layout of the nth scenario. M is the prespecified percentage that is suggested to be less than 15% [19] . The detailed process to find the robust layout is as follows (Figure 1 ).
Step . Initially set n=1 and candidate solution set S =Φ,.
Step . Generate the expected scenario with the material flow setting to the expected value.
Step . Obtain the optimal layout Layout(n) and minimum cost by genetic algorithm.
Step . Generate the initial population and improve the solution through evolution process until the solution satisfies the robust layout constraints. Add current layout into the candidate solution set S .
Step . If the number of elements in S is less than N , go back to the fourth step; otherwise, output set S and go to next step.
Step . If the number of simulations is less than N, n=n+1. Generate a new scenario corresponding to the random numbers in a certain range and go back to Step 2. Else, go to the next step.
Step . Output the most frequent layout (robust layout) contained in S where n=1..N. If more than two layouts are satisfied, search for the robust layout Layout with minimal cost deviation from the optimal cost.
An Improved Adaptive Genetic Algorithm Design
Genetic algorithm (GA) is an excellent heuristic algorithm, which is a random optimization algorithm for the simulation of biological evolution in nature. Because of its strong practicability and robustness, it is widely used in the field of facility layout optimization, scheduling, and transportation. But genetic algorithm has the shortcomings of easy falling into local optimal and premature convergence. Therefore, in view of the above shortcomings, combined with the characteristics of the facility layout problems, an improved genetic algorithm is developed.
. . Population Initialization. Because the decision variables of the model are all 0-1 variables, binary coding is adopted. Each cell contains chromosomes. The first × position in a chromosome defines the layout of the facility, and the latter × × position denotes the assignment of transport devices. In order to improve the efficiency of the algorithm and combine the constraint conditions of the model, a new population initialization strategy is proposed on the premise of ensuring diversity, which is as follows.
A sample of two facilities located in three alternative locations with three transport devices in two periods is shown in Figure 2 . In the initialization of chromosome, the front-end part, due to I<L, generates a matrix A with L×L dimensions, which has only one element with value 1 in each row and each column, such as A= [ . . Selection Operation. Selection operations are the process of eliminating individuals with low adaptation from an old population and selecting excellent individuals with high fitness. Compared to the common genetic algorithm, the selection process is divided into two steps, namely, cell selection and chromosome selection, due to the particularity of this problem. We use traditional roulette wheel selection method to select the cell and chromosome.
. . Mutation and Crossover Operations.
Crossover is a random selection of individuals' genes and changes them to produce evolutionary operations for new individuals. Mutation operation is a crucial step in genetic algorithm, which ensures the diversity of population and avoids premature convergence. However, for different optimization problems, it is necessary perform tests repeatedly to determine cross probability P and mutation probability P , which is a very tedious task, and it is difficult to find the best value for each problem. So the idea of adaptive genetic algorithm is applied to determine the probability of cross and mutation.
Because binary coding is adopted in this problem, the mutation and cross operations are combined together. During cross and mutation operations, it is necessary to fragment the chromosomes so as to find the corresponding facilities, locations, and types of transport devices. For the front-end part Chrom x=[0,1,0; 0,0,1], as shown in Figure 3 , assuming the mutation position is 2, the corresponding value 1 indicates that facility 1 is placed on location 2. Then value changes from 1 to 0, and the remaining two locations are randomly selected to place facility 1. If it is placed on location 1, there is no need for adjustment. If it is placed on position 3, we found that location 3 has already been placed by facility 2. Then, facility 2 is adjusted to the original variant location (location 2). If the mutation position is 3 corresponding to value 0, which means facility 1 is not placed on location 3, then change the value from 0 to 1, and meanwhile change the value 1 on position 2 to 0. After that change, we find that facilities 1 and 2 are both placed on location 3; then we randomly place facility 2 on the remaining locations. As a result, in condition 1, the values in positions 2 and 3 are crossed, and the values in positions 5 and 6 are exchanged. Meanwhile, in condition 2, the values in positions 1 and 2 are exchanged.
For the variation of the back-end part, as shown in Figure 4 , if the mutation position is 2 corresponding to value 0, because this position represents no transport devices between facility 1 and facility 1, there is no need to do any operation. If the mutation position is 4 corresponding to value 0, we change value 0 to 1 and change the remaining position to 0. If the variation position is 5 corresponding to value 1, we change value 1 to 0. The residual position is randomly selected as 1. As a result, in conditions 2 and 3, the values on positions 4 and 5 are exchanged.
. . Termination Criteria. The algorithm is terminated when the generation reached the maximal number M, or the best value did not improve for 0.05×M generations.
Computational Analysis
Because the transport device is not mentioned in most of articles, there are no standard benchmark instances. 20 determined instances with different size as article [20] are randomly generated. The size of instance is denoted by T I L G, where T is the number of periods, I is the number of facilities, L is the number of locations, and G is the number of transport device types. We compare the improved Discrete Dynamics in Nature and Society 2.7GHz Intel Core i5, 8G RAM, is used to run the algorithms that are coded by matlab2014b. The results are shown in Table 2 . It is found that the improved genetic algorithm is superior to the PSO in both solving speed and solution quality in almost all the instances except for instances 8 24 30 10 and 14 32 36 18. Especially for large-scaled instances, the improved genetic algorithm presented in this paper has more advantages. In order to illustrate the effectiveness of the robust layout proposed in this paper, we compare it with the traditional expected layout (the optimal layout in each period with expected material flow). Cost departure ratio denoted by H is defined to describe the deviation ratio between the total cost of the evaluated layout and the optimal cost in each scenario. H represents the robust layout cost deviation ratio, while H represents expected layout cost deviation ratio.
For the stochastic variable material flow , assume that the expected average value is a, and the fluctuation level Table 3 .
From Table 3 , we can see that, with the increase of fluctuation level, the cost deviation ratio will increase for both robust layout and expected layout. We can conclude that the greater the fluctuation is, the bigger difference between robust/expected layout cost and minimum cost is. Moreover, for all these three different sized instances, the cost deviation ratio of robust layout is much less than expected layout. As the problem size increases, the cost deviation ratio of expected layout raises, while the cost deviation ratio of robust layout reduces. It is obviously concluded that the robust approach proposed in this paper is effective to deal with dynamic layout problem under demand uncertainty, especially for large sized problem.
Conclusions
In this paper, an improved genetic algorithm is designed to solve dynamic facility problem considering the assignment of transport devices. The developed algorithm has given nearoptimal solutions to different sized case studies randomly generated. In addition, a robust layout is suggested with uncertain material flow in each period. The robust layout is the most frequent one falling within a prespecified percentage of the optimal solution for multiple scenarios generated by Mont Carlo simulation. Although robust layout may not be optimal in any scenario, the deviation from the best cost is small. Its performance is much better than the expected layout through sensitivity analysis.
More uncertain factors except for material flow can be investigated in our future research, such as the unit material handling cost and the flexible routing. Moreover, unequal-sized facilities can be considered and more efficient metaheuristic algorithm needs to be developed in the future.
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